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Abstract

Deep neural networks have been increasingly used in real-world applications,
making it critical to ensure their ability to adapt to new, unseen data. In this paper,
we study the generalization capability of neural networks trained with (stochastic)
gradient flow. We establish a new connection between the loss dynamics of
gradient flow and general kernel machines by proposing a new kernel, called
loss path kernel. This kernel measures the similarity between two data points by
evaluating the agreement between loss gradients along the path determined by the
gradient flow. Based on this connection, we derive a new generalization upper
bound that applies to general neural network architectures. This new bound is tight
and strongly correlated with the true generalization error. We apply our results to
guide the design of neural architecture search (NAS) and demonstrate favorable
performance compared with state-of-the-art NAS algorithms through numerical
experiments.

1 Introduction

Deep learning models have been increasingly used in applications with significant societal impact.
Therefore, it is crucial to ensure that these models perform well not only on the training data but also
on the new and unseen data. Classical learning theory attributes the generalization ability of machine
learning (ML) models to the small complexity of the hypothesis class [56]. However, modern ML
models, such as deep neural networks (NNs), can have billions of parameters yet still exhibit strong
generalization abilities [26, 9]. This is because various elements of the learning algorithms, including
optimization methods, training data, and neural architectures, can all influence the inductive bias,
which in turn shapes the generalization abilities of neural networks [29, 40]. While the overall
hypothesis class may be large, the “effective domain” of this class, which ultimately determines the
model’s generalization abilities, is often much smaller [54, 24, 50, 15]. Hence, it is vital to develop
algorithmic generalization bounds to capture this effective domain of the hypothesis class.

There has been significant work investigating the generalization of neural networks in their infinite-
width regime through kernel methods [28, 3, 32, 2, 11]. They showed that an infinite-width NN
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Table 1: Comparison with existing NTK-based generalization bounds. ® = O(X, X) is the NTK on
training samples and H* is the NTK of the first layer. L represents the number of NN layers. We
highlight some unique properties of our results in blue color. “During training” means our bound can
be calculated at any time during training while existing NTK-based bounds only hold for the NNs at
convergence. “Multi-outputs” means our bound holds for NNs with multiple outputs.

Arora et al. [2] Cao & Gu [11] Ours
Bound \/ w O(L -/ W) Theorem 3, Theorem 5
Model Ultra-wide two-layer FCNN  Ultra-wide FCNN General continuously differentiable NN
Data i.i.d. data with ||z| =1 iid. data with ||z|| =1 iid. data
Loss Square loss Logistic loss Continuously differentiable & bounded loss
During training No No Yes
Multi-outputs No No Yes
Training algorithm GD SGD (Stochastic) gradient flow

trained by gradient flow and squared loss is equivalent to a kernel regression with neural tangent kernel
(NTK) [28, 3]. Moreover, Arora et al. [2], Cao & Gu [11] further characterized the generalization
behaviors of such ultra-wide NNs by deriving data-dependent and NTK-based generalization bounds.
However, they only considered ultra-wide fully connected NNs with a square (or logistic) loss
function. In practice, NNs are usually not ultra-wide and have more complex architectures such as
CNNSs. Hence, it is crucial to establish generalization bounds that hold in a more general setting.

In this paper, we analyze the generalization capability of NNs trained using (stochastic) gradient
flow across a wide range of NN architectures. Our key technical contribution is to establish a new
connection between the loss dynamics of (stochastic) gradient flow and general kernel machines
with a special kernel that we named the loss path kernel. This new kernel calculates the similarity
between two data points by integrating the inner product of the loss gradient evaluated at these
points, along the path determined by the gradient flow. Based on this connection, we develop a novel
generalization bound by analyzing the complexity of kernel machines induced by various training
sets. Our generalization bound is tight and can be applied to a broad class of NN architectures,
not restricted to ultra-wide NNs (see Table 1 for a comparison with existing results derived from
NTK theory). Numerical experiments demonstrate that our bound maintains a strong correlation
with the true generalization error of NNs trained with gradient descent (GD) (see Figure 1 and 2 in
Sec. 6 & 7). Given this observation, we use our generalization bound to guide the design of neural
architecture search (NAS) and demonstrate through numerical experiments that our approach can
achieve a favorable performance compared with state-of-the-art training-free and minimum-training
NAS algorithms [37, 13, 39]. In summary, our contributions are:

* In Sec. 4.1 and 5, we show for the first time that the loss of NNs trained by (stochastic) gradient flow
is equivalent to a general kernel machine. This result enables us to investigate the generalization
capability of NNs from the perspective of kernel theory.

* In Sec. 4.2 and 5, we derive tight generalization bounds for NNs based on the aforementioned
equivalence. Our result is very general as it holds for any continuously differentiable NN architec-
tures including finite-width and infinite-width NNs. Experiments demonstrate that our bounds are
tight (4690 tighter than existing norm-based bounds and 55 x tighter than existing NTK-based
bounds as shown in Appendix A.2) and highly correlated with the true generalization error.

* In Sec. 6 and 7, we apply our theory to study special cases including infinite-width NNs, stable
algorithms, and norm-constrained NNs. We apply our bound to guide the design of NAS. Numerical
experiments demonstrate that our approach achieves a favorable performance compared with state-
of-the-art NAS algorithms on NAS-Bench-201 benchmark [19].

2 Related Work

Generalization theory in deep learning. Generalization is a crucial aspect of deep learning theory
and various techniques have been proposed to study it. For example, Bartlett et al. [7] derived tight
bounds for the VC dimension of NNs with ReLU activation functions. There is also a line of work that
measures the capacity of NNs based on different norms, margins [5, 41, 6, 44], and sharpness-based
measures [42, 43, 1] to explain the generalization behaviors of NNs. Additionally, there are theories
studying the generalization of NNs from PAC-Bayes [35, 22] and information-theoretical approach
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[48, 58]. For example, Dziugaite & Roy [22] numerically evaluated and optimized the PAC-Bayes
bound of stochastic NN and obtained a non-vacuous generalization bound. In contrast, we study the
generalization of NNs by building a new connection between NNs and kernel machines. We refer
readers to Valle-Pérez & Louis [55] for a more comprehensive review of the generalization theory of
NNs.

Neural tangent kernel (NTK). NTK was first introduced in Jacot et al. [28], where the authors
demonstrated that a fully-trained, infinite-width NN follows kernel gradient descent in the function
space with respect to the NTK. Under gradient flow and squared loss, the fully-trained infinite-width
NN is equivalent to kernel regression with the NTK [28, 3]. Chen et al. [14] further established the
equivalence between infinite-width NNs and regularized kernel machines. Arora et al. [2] studied the
generalization capacity of ultra-wide, two-layer NNs trained by GD and square loss, while Cao &
Gu [11] examined the generalization of deep, ultra-wide NNs trained by stochastic gradient descent
(SGD) and logistic loss. Both studies derived generalization bounds of converged NNs based on NTK.
Besides, Huang et al. [27] studied the convergence and generalization of PAC-Bayesian learning for
deep, ultra-wide NNs. Later, Domingos [17] showed that every model trained by gradient flow is a
“kernel machine” with the weights and bias as functions of input data, which however can be much
more complex than a typical kernel machine and our general kernel machine in Definition 2. Chen
et al. [14] showed that every NN trained by gradient flow is a general kernel machine but their kernel
is valid only in very limited cases — when the loss gradient of output is a constant. Otherwise, the
kernel is not symmetric and not valid. In this paper, we consider an equivalence between the loss of
NNs and general kernel machines, which resolves the previous asymmetric problem of the kernel
function and also makes the generalization analysis of multi-outputs easier.

Neural Architecture Search (NAS). NAS aims to automate the discovery of top-performance neural
networks to reduce human efforts. However, most existing NAS algorithms require heavy training
of a supernet or intensive architecture evaluations, suffering from heavy resource consumption
[47, 34, 18, 33]. Thus, it is crucial to develop training-free or minimum-training NAS algorithms to
reduce the computational cost and select the best architecture at the same time [37, 13, 39]. Since our
generalization bound has a strong correlation with the true generalization error, we apply it to design
a new minimum-training NAS algorithm. We demonstrate in Table 2 that with a simple random
search algorithm, our approach can achieve a favorable performance compared with state-of-the-art
training-free and minimum-training NAS algorithms.

3 Kernel Machine and Loss Path Kernel

In this section, we define notation, provide a brief overview of kernel methods, and introduce the
main concept of interest—the loss path kernel.

3.1 Preliminaries

Consider a supervised learning problem where the task is to predict an output variable in )) C R* using
a vector of input variables in X C R%. Let Z £ X x ). We denote the training set by S = {2z;}7_,

with z; £ (x;,y;) € Z. We assume each point is drawn i.i.d. from an underlying distribution . Let
X = [331, . 7wn]T c R”Xd, Y = [yl’ . 7yn}T c R"Xk, and Z = [X,Y] c Rnx(d+k)

We express a neural network in a general form f(w, z) : R? x R? — R¥ where w € R represents

its parameters and € R? is an input variable. The goal of a learning algorithm is to find a

set of parameters that minimizes a population risk L, (w) = E,~, [((w, 2)] where {(w,z) =

¢(f(w,z),y) is a loss function. Throughout this paper, we assume that {(w, z) € [0,1] and is
continuously differentiable. In practice, the underlying distribution y is unknown so the learning
algorithm minimizes an empirical risk on the training set S instead: Ls(w) = = 3" | {(w, 2;). The
generalization gap is defined as L, (w) — Ls(w). The loss gradient with respect to the parameters
wis Vo l(w, z) = Vi f (w, 2) "V 1 0(f(w, ), y) € RP*L. Our analysis only requires that £(w, )
is continuously differentiable w.r.t. w and z so f can be either a fully connected neural network or a
convolutional network or a residual network.

2
70950 https://doi.org/10.52202/075280-3108



3.2 Kernel Method

Kernel methods [16, 51, 53] search for linear relations in high-dimensional feature space by using
kernel functions. Rather than computing the coordinates in the feature space explicitly, they only
need to calculate the inner product between data pairs, making it computationally easier.

A kernel is a function K : X x X — R, such that for all z, 2’ € X, K(z,2’) = (®(x), D(z')),
where ® : X — F is a mapping from & to an (inner product) feature space F.

Proposition 1 (Shawe-Taylor et al. [53]). A function K : X x X — R, which is either continuous
or has a finite domain, is a kernel function if and only if it is a symmetric function and, for any finite
subset of X, x1,--- , &y € X, the matrix K(X,X) is positive semi-definite, where K(X,X) is a
n x n matrix whose (i, j)-th entry is K (x;, x;).

Definition 1 (Kernel machine). Let H be the reproducing kernel Hilbert space (RKHS) corresponding
to a kernel K (z,z') = (®(x), ®(x’)). A kernel machine g : X — R is a linear function in H
such that its weight vector 3 can be expressed as a linear combination of the training points, i.e.
g(x) = (B,®(x)) +b=>", a;K(x;,x) + b, where 3 =>_"" | a;P(x;) and b is a constant. The

RKHS norm of g1is [lg], = |57, aib(@s) | = /5, ; asa; K (@i, 2;).

Next, we introduce general kernel machine, which generalizes the concept of kernel machine.
Definition 2 (General kernel machine). A general kernel machine g : X — R with a kernel K (x, ")
isg(x) =31, a;K(z;,x) + h(xz), where h : X — R is a function of . When h(x) is a constant,
g(x) reduces to a kernel machine in Definition 1.

3.3 Neural Tangent Kernel and Loss Path Kernel

Neural tangent kernel (NTK) has been introduced by Jacot et al. [28] to establish an equivalence
between infinite-width NNs and kernel regression. After then, there is a growing line of work applying
NTK theory to study properties of over-parameterized NNs, such as optimization convergence [21, 20]
and generalization capability [2, 11]. The neural tangent kernel [28] associated with a NN f(w, x)
at w is defined as O(w; @, @') = Vo f(w, %) Ve f(w,x’)T € R¥**. Under certain conditions,
such as infinite width limit and NTK parameterization, the NTK converges to a deterministic limit
kernel O(x, x') - I, that remains constant during training: O (w;z,x’) — O(x,z’) - I, where
O(z,x’) : R x RY — R is a scalar kernel and I, is a k& x k identity matrix. Next, we introduce the
main concepts of interest in this paper: the loss tangent kernel and the loss path kernel. They are
central to characterizing the generalization behaviors of NNs trained by (stochastic) gradient flow.

Definition 3 (Loss Tangent Kernel (LTK) K). The loss tangent kernel associated with the loss
function ¢(w, z) is defined as K(w; z, 2') = (Vl(w, z), Vo l(w, 2')) € R.

The LTK K has a natural connection with the NTK © by applying the chain rule:

K(w; z,2") = Vi l(w, z) " O(w; x, ")V pl(w, 2').
Next, we introduce the loss path kernel, which integrates the LTK along a given path of the parameters.
Later, we will characterize this path via the gradient flow dynamics.

Definition 4 (Loss Path Kernel (LPK) K7). Suppose the weights follow a continuous path w(t) :
[0,T] — RP? in their domain with a starting point w(0) = wy, where T is a predetermined constant.
This path is determined by the training set S and the training time 7". We define the loss path kernel

associated with the loss function £(w, z) along the path as Kr(z, 2/; S) £ fOT K(w(t); z, 2 )dt.

In Appendix B, we show LTK is Riemann integrable so the integral in the above definition is well-
defined. Intuitively, the LTK K(w; z, 2’) measures the similarity between data points z and 2’ by
comparing their loss gradients when evaluated using a fixed neural network parameter w. The LPK
Kr(z, 2’; S) measures the overall similarity during the entire training time.

3.4 Rademacher Complexity

Rademacher complexity [52] measures the complexity of a hypothesis class. It takes into account the
data distribution and is a central concept in statistical learning theory. Next, we recall its definition
and a generalization upper bound via Rademacher complexity.
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Definition 5 (Empirical Rademacher complexity Rs(G)). Let F = {f : X — R¥} be a hypothesis
class. We denote G as the set of loss functions associated with each function in F, defined as
G={g:(x,y) = Uf(x),y), f € F}. The empirical Rademacher complexity of G with respect to
a sample set S is defined as: Rs(G) = LB, [sup,eg Doy 0ig(2:)], where o = (01,...,0,) and
o; are independent uniform random variables taking values in {41, —1}.

Theorem 1 (Theorem 3.3 in Mohri et al. [38]). Let G be a family of functions mapping from Z to
[0, 1]. Then for any 6 € (0, 1), with probability at least 1 — § over the draw of an i.i.d. sample set S =

{21,...,2a}, the following holds forall g € G: E. [g9(2)] — 1 37| g(z;) < 2Rs(G)+34/ log(g/é)

4 Gradient Flow

In this section, we establish a new connection between the loss dynamics of gradient flow and a
general kernel machine equipped with the LPK. Using this result, we introduce a new generalization
bound by analyzing the complexity of the collection of kernel machines induced by all possible
training sets. Our analysis applies to a wide range of neural network architectures, as long as they are
continuously differentiable. Our numerical experiments validate the tightness of our bound and its
strong correlation with the true generalization error.

4.1 Loss Dynamics of Gradient Flow and Its Equivalence with General Kernel Machine

Consider the gradient flow dynamics (gradient descent with infinitesimal step size):

T = Tulst() = <3Vt m

The above ODE is well-defined for a wide variety of conditions, e.g. local Lipschitz-continuity of the
gradient or semi-convexity of the loss function [49, 23]. Next, we establish its connection with the
general kernel machine (KM) in the following theorem.

Theorem 2 (Equivalence with general KM.). Suppose w(T') = wr is a solution of (1) at time T
with initialization w(0) = wy. Then for any z € Z,

~ 1
lwr, z Z ﬁ (z,2i;S) + L(wo, z),

where K is defined in Definition 4.

The above theorem demonstrates that the loss of the NN at a certain fixed time is a general kernel
machine. Herein, K7 is the LPK and we prove in Appendix C.1 that it is a valid kernel. Unlike
previous NTK works that establish the equivalence between infinite-width NNs and kernel machines,
our equivalence is much more general and holds for any NN that is continuously differentiable. Based
on this equivalence, we characterize the generalization of NNs from the perspective of kernels. Note
that Kz is a function of S and this property enables us to establish a data-dependent generalization
bound shortly.

4.2 Generalization Bounds

We introduce the main result in this section: a generalization bound for NNs whose weights follow
gradient flow in (1) at time 7. We derive this bound by analyzing the Rademacher complexity of the
function class of kernel machines induced by different training sets with constrained RKHS norms.
Recall that each training set yields a distinct LPK. We define the collection of all such LPKs by

Kr £ {Kr(-,8") : 8 € supp( QZKTz z;;8') < B*}, ©)

2Bk B

where B > 0 is some constant, S’ = {2}, ..., 2/}, u®™ is the joint distribution of 7 i.i.d. samples
drawn from p, and supp(11®™) is the support set of u®™. Recall that S = {21, ..., 2z, } is the training
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set. Note the set in (2) includes the case of &’ = S if # Z” Kr(zi,2;S) < B2 Then we
introduce a class of general kernel machines, corresponding to all different kernels in Cp.

n

Gr £ {g(z) => —%K(z,zg;sl) +U(wo, ) : K(-, 1 §') € ’CT} :

i=1

Note that g(z) € Gr corresponds to ¢(wr, z) trained from one possible dataset S’ € supp(u®™).
Next, we compute the Rademacher complexity of G and use it to obtain a generalization bound.

Theorem 3. Rs(Gr) < min{U;,Us}. Here

n S .
K( El 15 )GICT z;éj

S
@_M<ewﬁmN@wmm>
e0\n n

where G = {g(Z) = (g(z1),...,9(zn)) : g € Gr}, N(G3, € |||l,) is the covering number of G5
with the {1-norm and

U, = B\/ sup TI‘(K(Z7 Z;S/)) + ZA(ZD zj)a

1
A i i) = = K i -8 — i f K i S .
(Z ,Zj) B |\K(.}.;SUII;)GKT (Z ,Z],S ) K(-,~;ln’)eICT (Z ,ZJ,S )]

The term Uy is composed by two components supy. ..s/ex, T1(K(Z, Z; ")) and A(z;, 2;). The
first component, according to the definition of LPK, quantifies the maximum magnitude of the loss
gradient in [Cr evaluated with the set S throughout the training trajectory. The second component
assesses the range of variation of LPK within the set JCr. The term Uy is obtained from analyzing
the covering number of Gp. It shows that if the variation of the loss dynamics of gradient flow
with different training data is small, then the complexity of Gy will also be small. The norm
constraint # Zi, ; Kr(z,, z}; S’) < B? balances a tradeoff between the tightness of the bound and
the expressiveness of the set G (the number of datasets covered). Combining these two bounds with
Theorem 1, we obtain the following generalization bound.

Corollary 1 (Generalization bound for NN). Fix B > 0. Let ﬁgf (Gr) = min (Uy, Us) where U,
and Us are defined in Theorem 3. For any § € (0, 1), with probability at least 1 — 6 over the draw of
an i.i.d. sample set S = {z;}!_,, if 2> > Kr(zi 255 8) < B2, the following holds for {(wr, z)
that trained from S,

log(2/4)

L,(Ar(S)) - Ls(Ar(5)) < 2RY (Gr) + 3/ 2212,

where wr = Ar(S) is the output from the gradient flow (1) at time T by using S as input.

Our result owns many compelling properties.

* First, our bound holds in a general setting as it does not hedge on a special NN architecture. In
contrast, existing works [2, 11] only consider fully connected NNs and require NN to be ultra-wide.

* Our bound depends on the data distribution through the quantities in U; and U,. This property not
only significantly tightens our bound but can also help explain some empirical observations of NNs.
For example, different from classical generalization theory, e.g. VC dimension, our complexity
bounds depend on the labels directly, which helps explain the random label phenomenon [59] as
shown in Figure 3 in Sec. 7.

* Our experiments in Sec. 7 (Figure 2) demonstrate the tightness of the generalization bound.
Intuitively, our bound is tight because (1) instead of considering the entire hypothesis class, we
focus on the subset of interest characterized by running gradient flow from a starting point w;
(2) we get the bound from an equivalence between NNs and general kernel machines, whose
generalization bounds are tighter. Finally, we compare our generalization bound with two existing
NTK-based bounds in Table 1.

A
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5 Stochastic Gradient Flow

In the previous section, we derived a generalization bound for NNs trained from full-batch gradient
flow. Here we extend our analysis to stochastic gradient flow and derive a corresponding generalization
bound. To start with, we recall the dynamics of stochastic gradient flow (SGD with infinitesimal step
size). Let S; C {1,...,n} be the indices of batch data used in time interval [¢, ¢ + 1] and |S;| = m
be the batch size. We establish a new connection between the loss dynamics of stochastic gradient
flow and a general kernel machine. Then we investigate the complexity of the collection of such
kernel machines that can be induced by various training sets.

Theorem 4. Suppose w(T) = wr is a solution of stochastic gradient flow at time T € N with
initialization w(0) = wy. Then for any z € Z,

L(wr, z Z Z f—Kt 1+1(2,2;S) + L(wo, 2),

t=0 i€S;

where Ky 111(2,2:;S) = fttH K(w(t); z, z;)dt with K defined in Definition 3.

The above theorem shows that the loss of the NN in stochastic gradient flow dynamics can be
characterized by a sum of general kernel machines. In particular, when we use the full batch at each
time interval (i.e., m = n), the above result recovers Theorem 2. To study its generalization behavior,
we introduce the class of kernel machines induced by different training sets S’ € supp(u®™) with
constrained RKHS norms. Specifically, given B, > 0 fort =0,--- ,T — 1, we define

Kr ={(Koi(,+8"), -+, Kr_1.7(-,8")) : & € supp(u Z Kii1(2i,25;S8") < BZ}.
1,JES:

Note this set includes the kernel induced by the training set S if it satisfies the constraints. Then
{(wr, z) trained from all feasible S’ € supp(u®™) form a function class

T = { Z Z _*Kt t41(2, 255 8") + l(wo, 2) : K(-, 5 8') € ICT}. (3)

t=0 €S,

Next, we upper bound the Rademacher complexity of the function class Gp. This bound can naturally
translate into a generalization bound by equipping with Theorem 1.

Theorem 5. The Rademacher complexity of G defined in (3) has an upper bound.:

1

T
s(Gr) <
=0

\/ sup  Tr(Ky4+1(Z,Z);S") +2At(zi,zj).

S’)G)CT i#j

% {SUPK(.7.;S/)GKT Kt,t+1(zi>zj§5/)— ian(~,-;S’)eICT Kt’t+1(zi7zj;8')].

where Ay(z;,25) =
We assumed that mini-batches indices S; are chosen before training. However, our analysis can be
extended to accommodate random mini-batch selections of any sampling strategy by enumerating all
potential S; in Crp.

6 Case Study & Use Case

In the previous sections, we derived generalization bounds for NNs trained with (stochastic) gradient
flow. These bounds may initially appear complex due to their dependence on the training process.
Here we show that these bounds can be significantly simplified by applying them to infinite-width
NNs (and stable algorithms in Appendix E.2, norm-constraint NNs in Appendix E.3). Moreover, we
demonstrate that our generalization bounds maintain a high correlation with the true generalization
error. As a result, we use them to guide the design of NAS, and our experimental results demonstrate
that this approach has a favorable performance compared with state-of-the-art algorithms.
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6.1 Infinite-width NN

In this subsection, we consider a special case of infinite-width NNs trained by gradient flow and derive
pre-computed generalization bounds. We focus on gradient flow to simplify the presentations but our
results can be directly extended to stochastic gradient flow. For an infinite-width NN, under certain
conditions, the neural tangent kernel keeps unchanged during training: O (wy; z, ') — O(x, z') - L.
Consider a p-Lipschitz loss function, i.e. ||V f(w,z)| < p. The Rademacher complexity in

Theorem 3 can be bounded by QS(QT) < U, where

_pBVT | .
Uso = — ;|@(ml,mj)|. )

In this infinite-width regime, our bound has no dependence on the initialization w since the NTK
converges to a deterministic limit and has no dependence on the parameters. That means the bound
holds for all possible wyq of infinite-width NN trained by gradient flow from initialization. Compared

with the bound O(L -4/ W) in [11], U has several advantages: (1) it has no dependence
on the number of layers L; (2) it holds for NNs with multiple outputs.

6.2 Correlation Analysis and NAS

As a practical application, we apply our generalization bounds to guide the design of NAS. We first
introduce a quantity Useq simplified from the bound in Theorem 5, defined as

T-1
1 1
Ust =~ =5 D Kuaea (20,23 8)y Tr(Keis1 (2. 2): S).
t=0 i,jES

Usga can be computed along with training a NN via SGD on a training set S. Combining it with the
training loss, we define the following quantity as an estimate of the population loss:

Gene(w, S) = Ls(w) + 2Usgq. 5)

We analyze the correlation between Gene(w, S)
and the true generalization error by randomly sam-
pling 100 NN architectures from NAS-Bench-201
[19]. For each, we compute both Gene(w,S)
and the true generalization error. Since solving
the gradient flow ODE is computationally infea- i
sible for the large NNs in NAS-Bench-201, we . k,
apply a trapezoidal rule to approximate the integra- el oo ™ L el een
tion in LPK K; ;1. This approximation enables - — - —
us to compute Usyq efficiently. Figure 1 demon- el e
strates the correlation between Gene(w,S) and
the test error. The left figures plot the test error at
epoch 1 or 2 against Gene(w, S) of the respective
epochs, showing a strong positive correlation be- ]
tween them. The right figures plot the test error o &.
at convergence against Gene(w, S) at epoch 1 or :
2, which also demonstrate a positive correlation.
The outlier is caused by some architecture with Figure 1: Correlation between Gene(w, S) and the
large loss gradients. This experiment shows that test error on CIFAR-100 at epoch 1 and epoch 2.
Gene(w, S) at the initial training stage can predict Ke.ndall’s tau shows they have a strong positive corre-
the performance of NNs at convergence. Based lation.

on this observation, we use Gene(w, S) as a metric in NAS for selecting architectures at the initial
training stage (see Table 2). This approach significantly reduces computational costs compared with
training-based NAS algorithms [47, 34, 18, 33].

Kendall'stau =075 = ° Kendall's tau = 0.17
.

Test error at epoch 1
o ———pepper. o
1 .
.

Test error at convergence

6
-

Test error at convergence

Test error at epoch 2
o ow
WEWTPY g
® .

0 o1 0 s 0 s w15 0 2 3
Gene(w, S) at epoch 2 Gene(w, S) at epoch 2

R
https://doi.org/10.52202/075280-3108 70955



(a) Logistic loss for training samples (b) Logistic loss and bound (c) Rademacher complexity bound

0.8 0.10
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0.7 ---- NN GD 0.8 NN test loss RY(Gr), 20 8

K * - NN test error 0.08 .
06 [ =oah
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01
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Figure 2: Experiment (I). (a) shows the dynamics of logistic loss for 5 randomly selected training samples for
NN trained by gradient flow (NN GF), NN trained by GD (NN GD), and the equivalent general kernel machine
(KM) in Theorem 2. The dynamics of NN GF and KM overlap and thus verify the equivalence in Theorem 2.
The dynamics of NN GF and NN GD are consistently close throughout the training process. (b) shows NN GF’s
training loss, test loss, test error, and upper bound for L, (wr) in Corollary 1. (c) shows that the complexity
bound R% (Gr) in Corollary 1 captures the generalization gap L, (wr) — Ls(wr) well. It first increases and
then converges after sufficient training time.

7 Numerical Experiments

We conduct comprehensive numerical experiments to demonstrate our generalization bounds. We
observe that our complexity bounds are tight with respect to the generalization gap and can capture
how noisy label influences the generalization behaviors of NNs. Moreover, we apply Gene(w, S)
in (5) to NAS and demonstrate favorable performance compared with state-of-the-art algorithms.

(I) Generalization bound in Corollary 1. In Figure 2 (more detailed in Figure A.4), we use a logistic
loss to train a two-layer NN with 100 hidden nodes for binary classification on MNIST 1 and 7 [31]
by full-batch gradient flow and compute its generalization bound. Due to the computational cost of
solving the gradient flow ODE and computing the kernel, we only train and calculate the bound on
n = 1000 training samples. The bound would be tighter with more training samples. The NN is
initialized using the NTK parameterization [28]. We use the Softplus activation function, defined as
Softplus(x) = % In(1 + €P7). This function is continuously differentiable and serves as a smooth
approximation to the ReLU activation function. In our experiments, we set 3 = 10. To train the
NN via gradient flow, we solve the gradient flow ODE given by (1) to decide the NN parameters.
For the equivalent general KM, we compute the LTK using the NN parameters and integrate it to
get the LPK K. These ODEs are computed with torchdiffeq [12]. To estimate the generalization
bound, we train the NN on (20, 50, 100) independently sampled training sets S’ to estimate the K
and Gr, and the supremum in the bound U, is estimated by taking the maximum over the finite set
K. For Uy, we compute an upper bound of it by setting € as the largest ¢; distance between any two
9(Z) € G2 and N'(G3, ¢, ||||,) = 1 because in this case any g(Z) € G2 will satisfy as an e-cover. We
run each experiment five times and plot the mean and standard deviation. The numerical experiments
demonstrate that our complexity bound is tight and can capture the generalization gap well. As
the number of &’ increases, our bound converges to the true supremum value. To estimate the true
supremum value, we apply the extreme value theory in Appendix A.3 and show the gap between the
finite maximum and supremum is small, validating using a finite maximum as an estimate for our
bound.

We train the NN using GD with a finite learning rate = 10 to compare with the NN trained by
gradient flow. The training time ¢ = 7 X training steps. In Figure 2 (a) and Figure A.4 (a)(b), we
observe that the loss of the NN trained by GD and that trained by gradient flow are consistently close
throughout the entire training process. Consequently, while we established upper bounds for NNs
trained by gradient flow, these results can serve as an (approximate) upper bound for NNs trained by
GD with a finite learning rate.

Notably, for the NN in this experiment, the VC dimension [7] is 55957.3, the norm-based bound in
[6] is 140.7 at T' = 1000, and the NTK-based bound for an ultra-wide NN in [11] is 1.44, which are
all vacuous (larger than 1), while our bound is tight (0.03 at 7" = 1000). See a detailed comparison in
Appendix A.2. We also conduct an experiment of three-layer NN (3072-100-100-1) trained on binary
CIFAR-10 (cat and dog) [30] in Figure A.5, where there is a larger generalization gap.
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Table 2: Experiment (III). Comparison with state-of-the-art

training-free/minimum-training NAS methods on NAS-Bench-201.

—— R R Test accuracy with mean and deviation are reported. “Best” is the
RY(Gr) best accuracy over the four runs. “Optimal” indicates the best test
accuracy achievable in NAS-Bench-201 search space. RS: ran-

domly sample 100 architectures and select the one with the best

0.5

0.4

03 metric value.

0.2 CIFAR-10 CIFAR-100
Algorithm Accuracy Best Accuracy Best

. Baselines
TENAS [13] 93.084+0.15 93.25 | 70.37+2.40 73.16

0 o2 Portioc.; of Iabe?vr?oise e v RS + LGA3 [39] 93.64 69.77
. . . o Ours

Figure 3: Experiment (ID. Generalization  Rg 4 Gene(w, S); | 93.68+£0.12 93.84 | 72.024143 73.15

bound with label noise at 7" = 20000. RS + Gene(w, S)y | 93.79+0.18  94.02 | 72.76+0.33 73.15
Optimal | 94.37 | 73.51

(ITI) Generalization bound with label noise. The settings are similar to Experiment (I) except we
corrupt the labels with different portions of noise and calculate the bound after training NN until
T = 20000. We estimate the bound with 20 training sets S’. The results in Figure 3 show that our
bound has a strong correlation with the generalization gap and increases with the portion of label
noise. Unlike classical generalization theory, e.g. VC dimension, our generalization bound can help
explain the random label phenomenon [59].

(IID) Neural architecture search (NAS). We apply Gene(w, S) in Eq. (5) to guide the design of
NAS. The results are shown in Table 2. We use a simple random search (RS) with Gene(w, S),
where 100 architectures are sampled from the search space for evaluation, and the architecture with
smallest Gene(w, S) is selected. Usyq is estimated with a batch of data of size 600. Build upon
Sec. 6.2, we apply Gene(w, S); and Gene(w, S)3 (Gene(w, S) after training 1 and 2 epochs) to
select NN architectures at the initial training stage in order to reduce computational costs. We
compare our method with state-of-the-art training-free/minimum-training NAS algorithms [13, 39].
We run the experiments four times with different random seeds and report the mean and standard
deviation. We reproduce the results in Chen et al. [13] using their released code and directly adopt
the results reported in Mok et al. [39] as they did not release the code. The results show our
approach of RS + Gene(w, §) can achieve favorable performance compared with state-of-the-art
training-free/minimum-training NAS algorithms.

8 Conclusion and Future Work

In this paper, we establish a new connection between the loss dynamics of (stochastic) gradient flow
and a general kernel machine. Building upon this result, we introduce generalization bounds for
NN trained from (stochastic) gradient flow. Our bounds hold for any continuously differentiable
NN architectures (both finite-width and ultra-wide) and are generally tighter than existing bounds.
Moreover, for infinite-width NNs, we obtain a pre-computed generalization bound for the whole
training process. Finally, we apply our results to NAS and demonstrate favorable performance
compared with state-of-the-art NAS algorithms.

There are several directions for future research. First, evaluating our generation bounds relies on
the loss gradient, which may contain private and sensitive information. One potential fix would be
accessing such information in a differentially private manner and it would be interesting to investigate
how this “noisy” observation of gradient information influences our generalization bounds. Second,
it is worth exploring how other optimization algorithms and different model architectures influence
the generalization bounds. Finally, our bounds provide worst-case guarantees to the generalization of
NN and it would be interesting to extend our results to obtain expected bounds for further sharpening
the results.
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Appendices

A Additional Experiments
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Figure A.4: Experiment (I). (a) shows the dynamics of logistic loss for 5 randomly selected training
samples for NN trained by gradient flow (NN GF), NN trained by gradient descent (NN GD), and the
equivalent general kernel machine (KM) in Theorem 2. The dynamics of NN GF and KM overlap
and verify the equivalence in Theorem 2. The dynamics of NN GF and NN GD are consistently
close throughout the training process. (b) shows the differences between NN GF and KM are 0,
which verifies our equivalence in Theorem 2. The differences between NN GD and KM are also
small. (c) shows NN GF’s training loss, test loss, test error, and population loss bounds we estimated.
Bound with U,/Uy is the bound for L, (w) by applying U/Us in Corollary 1. (d) shows Uy and Uy
in Theorem 3 first increase then converge after sufficient training time. The numerical experiments
demonstrate that our complexity bound is tight and can capture the generalization gap well. As the
number of S’ increases, our bound converges to the true supremum value.

Experiments are implemented with PyTorch [46] on 24G A5000 and 32G V100 GPUs.

A.1 Computation Cost of Experiments

In Experiment (I), estimating the bound with 20 S’ (solving 20 gradient flow ODE) costs 500s and
training NN costs 0.29s. The GPU memory required by estimating the bound is 2406MB and training
NN requires 1044MB.

GPU hours | CIFAR-10 | CIFAR-100
RS + Gene(w, S) (Ours) 0.036 0.037
Training one NN architecture to convergence | 1.83 2.56

Table 3: Averaged computational cost (GPU hours) for one architecture in Experiment (III).

For Experiment (IIT), we report the averaged computational cost (GPU hours) of our approach
for one architecture and the computational cost of training one NN architecture to convergence in
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Figure A.5: Experiment (I) on CIFAR-10. Generalization bound for three-layer NN (3072-100-
100-1) trained on binary CIFAR-10 (cat and dog). The experiment demonstrates that our complexity
bound is tight and can capture the generalization gap well.

Table 3. Note our approach calculates Gene(w, S) only after training for 1 or 2 epochs, which saves
computational cost a lot.

A.2 Comparison with Existing Generalization Bounds

To make a stronger comparison with existing work, we have conducted two additional experiments
below to show that our bound is much tighter than prior work on both finite-width NNs and infinite-
width NNs.

(1) For the finite-width NN, we compare with previous uniform convergence bounds (VC dimension
[7] and norm-based bounds [6]) as the NTK-based bounds [2, 11] are limited to infinite or ultra-wide
NNs. Note our bounds are also uniform convergence bounds. We follow the same setting in our
Experiment I, and calculate the bound for two-layer NN with 100 hidden nodes (finite-width) at
training time T=1000 and sample size n=1000. Here L is the number of layers, p is the number of
parameters, W is the weight matrix for the i-th layer, and m is the largest width of NN including the
input dimension. Constants in big O are ignored in the calculation. The results in Table 4 show that
our bound is much tighter than previous VC dimensions and norm-based bounds.

Finally, we remark that existing works have observed that VC dimension and norm-based bounds are
mostly vacuous (see e.g., Figure 5 of [44] and Figure 4 in [1]) while our bound is non-vacuous as
shown above and in Figure 2 and Figure A.5.

(2) For the infinite-width NN, we compare with the NTK-based bound in Cao & Gu [11] in a similar
setting as Experiment I — two-layer NN and binary MNIST (1 vs. 7) with n=1000. Note that their
bound only holds for an ultra-wide NN. We compute the infinite-width NTK using Neural Tangents
[45] and calculate their bound accordingly. For our bound, we train a two-layer NN with 1000 hidden
nodes (to approximate an ultra-wide NN) and compute our bound at 7" = 1000 (almost convergence).
Constants in big O are ignored in the calculation. The results in Table 5 show that our bound is much
tighter than previous NTK-based bounds.

1A
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Table 4: Comparison with existing uniform convergence bounds (VC dimension [7] and norm-based
bounds [6]). “Finite sample estimate”: Bound estimated from 100 S’. “Extreme value estimate”:
Bound estimated from extreme value theory. See more detail in Appendix A.3.

Method | Bound | Value | Tighter over [6]
VC dimension [7] | O(krioglzl) | 55957.3 | -
iT||2/3 3/2
~ 1 L i L HW H2_1
Norm-based bound [6] | O | —=1I[;2, Wi, | iy Wi In(m) 140.7 -
Ours
Finite sample estimate | R% (Gr) 0.03 4690
Extreme value estimate ﬁgf (QT) 0.06 2345 x
Table 5: Comparison with NTK-based bounds [11].

Method | Bound | Value | Tighter over [11]

Cao & Gu [11] ‘ O(L -/ YY) ‘ 144 | -

Ours

Finite sample estimate Rgf (Gr) 0.026 | 55.38x

Extreme value estimate | R% (Gr) 0.08 | 18.00x

A.3 Estimate Supremum with Extreme Value Theory

In the all above experiments, we estimate the supremum in the Rademacher bound in Theorem 3 with
the maximum over a finite set. To get the true supremum value of the bound, we apply the extreme
value theory to estimate it, similar to estimating the local Lipschitz of NN in [57]. We show the finite
maximum is close to the true supremum value, validating using a finite maximum as an estimate for
our bound. We first state the following result from extreme value theory and then explain how we can
apply it to estimate our bounds.

Theorem 6 (Fisher—Tippett—-Gnedenko theorem). Let X1, Xs,--- , X,,, be a sequence of independent
and identically-distributed random variables with cumulative distribution function F. Suppose that
there exist two sequences of real numbers a,, > 0 and b,, € R such that the following limits converge
to a non-degenerate distribution function:

lim p(R XL X X} —am oy g,

m—o0 b )

Then the limit distribution G belongs to either the Gumbel class (Type 1), the Fréchet class (Type 1),
or the Reverse Weibull class (Type 111):

Gumbel class (Type I):  G(x) = exp {—exp (—x — aw) } ,T € R,

b
0, T < Gy,
3 . _ —Cuw
Fréchet class (Type 1I):  G(z) = exp {_ (mzs) } 2> ay,
Ay — ~Cw
Reverse Weibull class (Type Il):  G(z) = ep {_ ( bu } TS Gus
1, X Z a?U?

where a,, € R,b,, > 0 and c,, > 0 are the location, scale, and shape parameters, respectively.

Our bounds are finite as long as ¢(w, z) is L,-Lipschitz (will explain in detail later). Thus we are
particularly interested in the reverse Weibull class, as its CDF has a finite right end-point (denoted as
a,,). The right end-point reveals the upper limit of the distribution, known as the extreme value. In
our case, the extreme value is exactly the supermum we want to estimate.

17
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To compute U, we compute an upper bound of it by setting € as the largest /1 distance between any
two g(Z) € G and N (G, ¢, ||||,) = 1 because in this case any g(Z) € G3 will satisfy as an € cover.

21 S 1
Uy = <+\/ “W;’G’”'”)g w2 o2) - g2,

0\ n 91,92€GT

Denote the right hand side as U3 Since each K(z;, z;;S") < L,/T?, Us < 2L,T?.

Note Z is fixed. Then for all g1, g2 € Gr, ||91(Z) — g2(Z)||; are i.i.d. random variables, because
g € Gr are trained from i.i.d. S’. Consider a finite set Gy, C Gr with size N, = ]QNg ‘ As
Ny — oo,

A P *
Us 2 max |lg1(Z) - g2(Z)|, = U3, Ny — oo
91,92€0GN,

Then we can apply extreme value theory to estimate U . We generate IV}, batch of G, , compute their

02 and store them in a set. Then with these UQ’S, we perform a maximum likelihood estimation of
reverse Weibull distribution parameters, and the location estimate a,, is used as an estimate of the U5 .

To validate that reverse Weibull distribution is a good fit for the empirical distribution of the Us’s, we
conduct Kolmogorov-Smirnov goodness-of-fit test (a.k.a. K-S test) to calculate the K-S test statistics

D and corresponding p-values. The null hypothesis is that Uy’s follow a reverse Weibull distribution.

We follow the same setting as Experiment I and want to estimate U at 7' = 1000. Figure A.6 shows
a result of estimating U5 with N, = 50 and N, = 1000. The estimated U3 = 0.06 is quite close to
the finite maximum, validating using a finite maximum as an estimate for our bound.

(aw, bw, cw)=(0.06, 0.02, 6.23), pval = 0.88, ks = 0.08
— fitted pdf

100
80

60

pdf

40

20

0.030 0.035 0.040 0.045 0.050
Uz

Figure A.6: Estimating Uy with N, = 50 finite maximum over sets of size N; = 1000. The red
line is the fitted probability distribution function (PDF) of the reverse Weibull distribution. The
small D-statistics of K-S test (ks) and large p-values (pval) show the hypothesized reverse Weibull

distribution fits the empirical distribution of U, well. The estimated U5 = 0.06 is quite close to the
finite maximum, validating using a finite maximum as an estimate for our bound.

For Uy,
B
Uy == sup Tr(K(Z,Z;S")) + ZA(zi,zj)
A/ K(,5S8eKr vy
i#]
where
1
Az, zi) = = su K(zi,z4;8') — inf  K(z;,2;;8
( i) 2 lK(w;S’I))EICT ( 3 S") K8 ) ekor ( 53 S")

Tr(K(Z,Z;S’)) and K(z;, z;;S’) for i, j € [n] are random variables that only depends on S’. For
different S’ 8" € supp(u®™), Tr(K(Z,Z;S")) and Tr(K(Z, Z; S")) are i.i.d. random variables.
Similarly for K(z;,2;;S’),4,j € [n]. We assume the finite maximum of each random variable
follows a reverse Weibull distribution and estimate their supremum then sum them together to get

1R
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(aw, bw, cw)=(11614.70, 1190.22, 20.24), pval = 0.72, ks = 0.10 (aw, bw, cw)=(-1.13, 0.04, 5.22), pval = 0.97, ks = 0.07

— fitted pdf — fitted pdf

0.006 50

0.005
40

0.004
30

it

5 5
= 0.003 =
20
0.002
10
0.001
0.000 0
10200 10300 10400 10500 10600 10700 10800 -1.19 -1.18 =117 -1.16 -1.15 -1.14
max Tr(K(Z,Z; 5')) max K(z;,2;;5)
Kl o8 K8
.. Lol . . Lol
(a) Estimating supg. ..syexc, Tr(K(Z, Z; S")). (b) Estimating supy(. ..sn ek, K(21, 22; S").

Figure A.7: Estimating the components in U; with NV, = 50 finite maximum over sets of size
N, = 1000. The estimated extreme values are close to the finite maximum, validating using a finite
maximum as an estimate for our bound.

Us. Figure A.7 shows estimating sup. ..s/)exc, T1(K(Z, Z; 8")) and supg. ..s1)exc, K(21,22: 7).
The estimated extreme values are close to the finite maximum, validating using a finite maximum as
an estimate for our bound. Due to the computational cost of estimating n? extreme values, we leave
estimating U; as future work.
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B Integrability of Loss Tangent Kernel

By the assumption that the loss is continuously differentiable, the loss gradient V., ¢(w(t), z) is
continuous w.r.t. w(t). Together with w(¢) is continuous w.r.t. t, V,,¢(w(t), z) is continuous w.r.t.
t. After the inner product, the LTK K(w(t); z, z’) is still continuous w.r.t. t. By the continuity of
LTK on the compact set [0, 7], LTK is bounded and Riemann integrable on [0, T']. Therefore, the
integral in LPK is well-defined.

For the full-batch gradient flow (1) we considered in this paper, w(t) is differentiable therefore
continuous w.r.t. t by the gradient flow equation. Hence, the integral in LPK is well-defined.

For stochastic gradient flow, the continuity of the path w(t) can be argued as follows. For each time
interval [t,t + 1], we assume that the same batch of data is used. Within this time interval, w(t) is
continuous w.r.t. t. For the next time interval [t + 1,¢ + 2], even if a different data batch is used,
the gradient flow ODE initializes the w(t + 1) with the solution from the end point of the previous
interval, [¢,¢ 4 1]. This ensures the continuity of w(#) across distinct time intervals. In short, the
continuity of w(t) within each time interval, combined with the initialization of the ODE, will ensure
the continuity of w(t) in the entire time interval [0, T'].

C Complete Proofs for Gradient Flow

C.1 Proof of Theorem 2

Theorem 2. Suppose w(T) = wr is a solution of (1) at time T with initialization w(0) = wy.
Then for any z € Z,

n

1
g(wTv Z) = Z; _EKT(zv Zis S) + é(wOa Z)a
where K is defined in Definition 4.
Proof. Consider the gradient flow:
dwt 1 "
W = —vaS(wt) = _ﬁ ; vwg(wta zi)' (©6)

For any differentiable loss function ¢(w, z), by chain rule,

dl(we, z) dw,
T = <vw€(wt, Z), dt> . (7)

Plug in the gradient flow expression of % in (6) into (7). We have

dl(wy, z
HOE) (G utlawn,2), -V Ls (o)
1 n
= <Vu,€(wt7 z), - Z Vwl(ws, zi)> (by definition of Lg(w;))
i=1
_— Z (Vwl(wy, z), Vi l(wy, 2;)) (by the linearity of inner product)
n
i=1
= f% Zl K(wy; 2, 2;). (by Definition 3 of the LTK)
20
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Integrate both sides from 0 to T over the path w(t) taken by the parameters during the gradient flow,

L(wr, z) — L(w, 2) / —fZK wy; 2, z;)d

= —— Z / K(wy; 2, z;)dt (By linearity of integration)
n “
—~ 1 .
= Z ——Kr(z, 2z;;S). (By Definition 4 of LPK)
il
Thus we have N
1
'LUT, Z ﬁ Z y %5 )+€(w0,21).

Below, we prove that Kp(z, 2’;S) : Z x Z — Ris a valid kernel. We can show Kr(z,z’;S) is a
valid kernel by proving Kz (z, 2’; S) is continuous and the kernel matrix K (Z,Z;S) € R™*" is
positive semi-definite (PSD) for any finite subset of Z, z4,--- , 2z, € Z [53]. By Definition 4 of the
loss path kernel,

T
KT(z,z';S):/ K(wy; z, 2')dt
0

T
— [ (Vullwr ) Vutlwn ) dr
0
Since ¢(w;, z) is continuously differentiable for w; and z, V,,£(w;, z) is continuous for z. After

the inner product and integration, it is still a continuous function. Thus Kr(z, 2’; S) is a continuous
function for z.

Denote ®;(z) = Vo l(wy, z), then by Definition 4 of the loss path kernel,
T
Kr(z,2;8) = / K(wy; z, 2')dt
0
T
— [ (Vutlwr2). Vastlwn ) di
0
T
= / (By(2), Py (2)) dt.
0
ForVu € R" and V {z;}1, C Z,

n

u'Kr(Z,Z;S)u = Z ZuiquT(Zia zj;S)

i=1 j=1

= ZZuluj/ (Di(2i), Pi(2;)) dt
i=1 j=1

:/0 ZZuluJ (P(2i), Pe(z;)) dt

= /(; <Zui®t(zi),2uj¢t(zj)> dt

T 2
/U

dt
> 0.
Thus the matrix K(Z, Z; S) is PSD and K¢ (z, 2; S) is therefore a valid kernel.

<I>f(z,)

21
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C.2 Proof of Theorem 3

Theorem 3. ﬁg(gT) < min{Uy,Us}. Here

B
—_ . / . .
U, = n\/ sup  Tr(K(Z,Z;S")) + E Az, zj),

K('v';s/)e’CT Z#]
21 S
U, = inf < W nN(G7, e ||||1>) |
e0\n n

where G5 = {g(Z) = (9(21),...,9(2n)) : g € Gr}, N(G3, €, ||||,) is the covering number of G
with the {1-norm and

1
Az, 2z) = = K(zi,z;;8') — inf K(zi, 258 | .
(20:2) 2 lK(',-;S;I))EICT (20,2555) K(-f;l;l’)G’CT (z0:2; )1

C.2.1 Proof of U;

Proof. Recall the definition of G,

|
gT—{g Zfi Z,ZZ,S)+£(wO,Z) : K(vvsl) 6ICT}'

i=1

3

where
Kr ={Kr(-,+8') : 8 € supp(u ZKT z},2};8') < B*}.
Suppose K(z, 2";S") = (Ps/(z), s/ (2')). Define
G7 ={9(z) = (8,®5/(2)) + L(wo, 2) : |B]| < B,K(-, &) € Kr}.
We first show Gr C GY. For Vg(z) € Gr,
n 1 ,
9(z) = Z *EK(% 23 S') + L(wo, z)

(Ds(2), Ps/(2])) + €(wg, z) (by definition K(z, 2';S") = (Ps/(2), Ps/(2)))

<q>3,( )72—;®5/(z§)> 1 fwo, )

i=1
= (®s/(2),Bs) (wo, 2) (denote Bs/ :ZZ 11— cI)S,( )

( L
= (Bs', Ps(2)) + £(wo, 2)

We know by definition of Gr, ||8s/|* = X > K(zi, 23 8") < B2. Thus g(z) € GY. Since
Vg(z) € Gr, g(2) € G¥, Gr C GY. But G¥ is strictly larger than G7 because B is a fixed vector
for a fixed K(-, -; &’) while 3 in G¥ is a vector of any direction.

77
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Then by the property of Rademacher complexity,

Rs(Gr) < Rs(GY)

1

=—E
n o

—_

—E

3|
aE

s

aE

IA
3w 3| 3|
Q=

IA
S|

Sl sy

ol

sSup Zaz’g(zi)
[9€97F i=1
sup ZUvL (B, ®s:(2i)) +£(w0,zi))]
L K(38)elr ;27
- N . n
sup 0 (B, Ps/(2i))| + —E sup oil(wo, z;)
| K(-587)eKr ; N o |K(S)eKr ;
sup B,» 0:Ps(z)
| K38 el < ;
r n
sup 0:Ps ()
[K(i8hekn ; B ]
I n n %_
sup oi0;K(zi,24;8)
K(-\ S ekr ;; ’ !
- 17
n n 2
sup ZZO’@UJ‘K(Z“Z]‘;S/)
K(s8MeKr ;.21 =1

(Jensen’s inequality)

=

1
2

[N

E sup ZZO’Z'JJ'K(ZZ',ZJ';S/)
T K(s8)eRr 127 =1
E sup ZK(ZJ@,ZO—|—ZO'Z'O']'K(ZZ',Z]';S/)
o |K(8hekr \ i oy
E sup Z K(zi,z;) +  sup ZaiajK(zi,zj;S’)
o |K(-,;8)ekr i K(38)eKr 125
sup  Tr(K(Z,Z;S'))+E sup
K(:,58")EKT 7 |K(,58)eRr

The second term in the square root is

77
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E sup E aiaj zl,zj,
o K(',';S’)E’CT i#j

< 7 (3] )
_IE Z sup aaj z zj ]

i#£j K(-,8)ekr

ZZIE sup  0,0;K(zi,25;S
: K(-,;8")eKr

= Z P(o,0; = +1) sup  K(zi,2;;8)| +P(oio; = 1) sup  —K(z, 258"
i#j K(-,8")ekr K(-,38)€eKr
= Zl sup  K(zi,2;;8) — inf  K(zi,2;;8)
vy 2 K(-,S8eKT K(-,8")ekr
i#j
= ZA(Z,L',Z]‘)
i#]
where we define A(z;,2;) = % [supK(,7_;5,)e,CT K(zi, 25;S') — infk(.,..snerr K(2i, 255 S")].

Thus in total,

A B
Rs(Gr) <Rs(GF) <= | sup  Tr(K(Z,Z;S)) + > Az, 7))
n K(-,8")eKr iz
O
C.2.2 Proof of U,
Proof. To simplify the notation, denote Ks/(-,-) = Krg(-,;8’). Denote gk (z) =

S —LKsi (2, 2)) + £(wy, ) for a fixed K/, which is a singleton hypothesis class. Then Gy is a
union set of such function classes with different kernels,

n

Gr = {QKS/ (2) = Z—%KS'(Z,Z{-) +L(wo, 2) 1 Ksr € ’CT} = U {w.(®}

i=1 Kgr€Kr

Then we can rewrite G = { gk, (Z) = (gkg (21),-- -, 9ks (2n)) : Ks' € Kr}. Suppose G, C GF
is a minimal e-cover of G¥ with ||||;. Denote gk, (Z) = (gkg (21),- -, 0ks (2n)) € G5 as the
closest element to gk, (Z) € GF and gk, (2) = S, —+Ksi(z,20) + l(wo, 2) = 97, (2)
with Ks/ € Kr. Denote the set of all Ks/ as K. Since one gk, corresponds to one Ks,
K5 = 16%| = N (G2, € l]])-

Based on the above, we can write the Rademacher complexity of G as

w3 o zJ] |

KS/EK:T i=1

Rs(Gr) =

’I”Lo‘

For any A\ > 0, by Jensen’s inequality,

eAﬁs(gT) <E |: )‘[% SUPK ek 2aim1 TidKgs (zi)]:|
o

=E [ sup AF X ok, (zi)]] ) (8)
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Utilizing the definition of e-covering, the quantity on the exponent in Eq. (8) is

1 n
o Z OigK g (2i)
i=1

1< 1 &
- ;m%s, (2:) + o ;01‘ (9ks (2i)

IN

e 1 ~
- ; Tigkg (2i) + -~ |9k (Z) — Gk,

I e— €
<= 9K (Zi) + —.
- niz—;ang (z)+n
Substitute this inequality into Eq. (8). We have

eAkS(gT) <E

A% Sy oidkg <zi>+;]]

% > 03 (gkg (20) — Gk (21) + Gk (20)
=1

— UK (i)

1 n 1 n
- ZU@(S/ (zi) + - Z gk (i) — kg (23)]
=1 =1

@),

(by the definition of the e-covering)

(Gks (2i) = 95z, (2i))

©))

sup e
o KS/EKT
Ac A[% S oigE (zi)]
=en E| sup e - s’
=4 KS/EK:T
(i) 2 AL S igr, (=)
=ern E| max e "7 s’
4 KSIGK,EF
<e¥ Y E ME S viog, (0]
- o
KSIEK:;

where (7) is because we only use the g Re instead of gk, , which corresponds to Ks € KC% instead

of Ks € K, so it is equivalent to take the maximum over Ks € K5. Denote (01, ...,0,) =

y —04, " 7Jn)|

DD Tigi,, (2;). Note IR, (z;) € [0,1] for i € [n]. Then for all i € [n],

Suplg(o—lv"' 3Oy 70n) _5(0—17"'

<sw |Zoigg (=)
Sup | —0;4= z;

> ap IR
2

<z
n

Thus £(oy, - - -
sub-Gaussian variable and satisfies

E [e)‘g] S @% E?:l sze

= e2n MBS

1

Since g Rer is a singleton function, E [¢] -

E [e)‘f] < e%.
Take this into Eq. (9), in total, we have

e)‘RS(gT) S en e2n = ¢

I?S/ EIC;

Ae
n

75
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, 0y ) satisfies the bounded difference property. Let ¢; =

Eo [Z?:l O'igf(s

2 By [36,10], ¢ isa

AE[]

(z;)| = 0. Thus

2
A
taon

K%l
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Take the logarithm on both sides of the equation,

2

A e A .
ARs(9r) < — + o~ + I |K7|.

Divide A on both sides,

. A1
Rs(Gr) < =+ 2= + 3 In[K5 |

€
n 2n
By taking A = /2n1n |K5|, we get

21n | S
+ n| T|.

Rs(Gr) < "

Sla

Take the infimum over € > 0 and note |[K5| = |G%| = N (G3, €, ||[|;)- We get

>0

. ) € QIHN(Q%Q Il,)
Rs(Gr) < inf (n + \/ . .

C.3 A lower bound of Rs(GY)

Here we give a lower bound of 7@3(9% ). Similar lower bounds for a linear model were proved in
[4, 6] without the supremum. Our lower bound match the trace term in the upper bound Uy, which
shows the upper bound U; is relatively tight.

Theorem 7.

Rs(GY) > sup +/Tr(Ks/(Z,Z)).

B
\/in K.S’ exr

Proof. Recall

G = {9(2) = (B, 2s/(2)) + l(wo, 2) : | Bl < B,Ks € Kr}.

7A
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The Rademacher complexity of G¥. is

1 M n
Rs(GF)=—E |sup Y oig(z)
7 9€6? =1
=—E | sup
n o

KS’ exr Hﬁ“<B

|Ks/€Kr 1B]<B

1 n
— . X DPsi (2
- IE sup  sup <,8, ;:1 0:Psi (2 )>

i[Ps (2

sup Zaz (8, <1>5/<z1>>+e<wo,zz>>]

+E

ZU%(UJO,%)]

i=1

sup  sup <57 Z 0;®s/ (zi)>]

(dual norm property)

(norm sub-additivity)

l

(by the definition of 2-norm)

) D

(Khintchine-Kahane inequality)

[N

(rearrange the summations)

[N

1
2

=—FE
N o |Ks€lr |IBI<B
= sup 0:;Psi(2;)
n ‘7 KS/G’CT ; ’ '
>— sup E P (24) ]
n KS/EK:T
B
> — sup Dsi(z;)
n KsIGKT
B n
2w (3 (2
n Ksr €Kt JEN, o i—1
B 1 |
> — sup
n KSIGK:T ]EZM» f
B n
= —— sup <I>5/ z;)
B n
= ———— sup @3/ Z
B
= — sup bsi(2z;)
\/én KS’ exr (Zl | ' >
B n
=2 s (Y Ks(zz)
V2n Kgrekr (; v >
B
= —— sup Tr(Ks/(Z,7Z)).
V210 Kg ek (2.2))

C.4 Proof of Corollary 1

Corollary 1. Fix B > 0. Let ﬁgf (Gr) = min (Uy, Uy) where Uy and Uy are defined in Theorem 3.
For any § € (0, 1), with probability at least 1 — § over the draw of an i.i.d. sample set S = {z;}"_,,
if %> > Kr(zi, 25 8) < B2, the following holds for {(wr, z) that trained from S,

Lu(Ar(S)) —

A log(2/6
Ls(Ar(S)) < 2RY (Gr) + 3¢/ B2,
27
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where wr = Ap(S) is the output from the gradient flow (1) at time T by using S as input.

Proof. Apply Theorem 1 to G and S, for all g € Gr

El(2)] - -3 g(=) < 2Rs(Gr) + 3/ 222

z n
i=1

Since g(z) € G corresponds to £(Ar(S'), z) forall S’ € supp(u®™) that 5 >°, ;Kr(z,23:8") <
B2, it holds for all these feasible S’ € supp(u®™) that

E[((Ar(S), z)] — = Ze (Ar(S
=L,(Ar(S)) — LS(AT(S ) (by definition of Lg(w) and L, (w))
log(2/9)

< 2R
< 2Rs(Gr)+3 o

From Theorem 3, we have Rs(Gr) < min (U;, Us). Define ﬁgf(gT) = min (U, Uz) and take into
above inequality,

Lu(A7(8")) — Ls(Ar(S")) < 2Rs(Gr) + 3 %
<2R¥ (Gr) +3 %.

Since above holds for all 8" € supp(u®™) that - > Kr(z, 2538 < B2, and S is also in
supp(pu®™), then if 25 37, Ky (zi, 2;;S) < B, we have

log(2/4) .

Lu(A7(8)) = Ls(Ar(S)) < 2RY (Gr) + 3y =5

D Complete Proofs for Stochastic Gradient Flow

D.1 Proof of Theorem 4

Theorem 4. Suppose w(T) = wr is a solution of stochastic gradient flow at time T € N with
initialization w(0) = wq. Then for any z € Z,

lwr, z Z Z —*Kt ++1(2, 25, S) + L(wy, 2),

t=0 1€S;

where Ky 111(2,2:;S) = f:“ K(w(t); z, z;)dt with K defined in Definition 3.

Proof. For each time interval [t, ¢ + 1] and data batch S;, Stochastic gradient flow can be treated as
full-batch gradient flow. Applying Theorem 2 for each [t, ¢ + 1] and data batch S;, we have

1
E(th,z) = Z —*Kt,H_l(Z,Z,';S) +€('I.Ut72), (10)
1ES, m
where
b+l
Kii+1(2,2i5S) :/ K(wy; 2, z;)dt.
t

7R
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For time T" € N,

T—1
Lwr,z) — l(wy, z) = U wigr, z) — l(wy, z)
t=0
T-—1 1
=Y > ——Kiii(z, 25 5). (takes in Eq. (10))
t=0 €S, m
O

D.2 Proof of Theorem 5

Theorem 5. The Rademacher complexity of Gr defined in (3) has an upper bound:

Z sup (Kt t+l Z Z +2At Z,L,ZJ
SN EKT i#£]

where Ni(2;, 25) = % {supK(,’_;S,)eKT Keer1(2i, 255 8")— infy(..snern Kt’t+1(Z7;7Zj;Sl)j|.

Proof. Recall,

gr ={g(z Z Z —*Kt t+1(2,20;8) + l(wo, 2) : K(+, 5 8') € Kr}.

t=0 i€S;
where
Kr = {(Koa (58, Kroar(,58) 8 € supp(u™), 5 37 Ky (34, 24:8) < B},
1,jESt
Fort=0,1,---,T — 1, let
1
G ={g(z) = Y ——Kiis1(2,2/;8) : K(-, 5 8') € K},
1E€ES, m

Then we have
Gr CGo® G @ ®Gr_1 D {l(wo,z)}.

Since the set on the RHS involves combinations of kernels induced from distinct training set S, it is
a strictly larger set than the LHS. Apply Theorem 3 bound U; for each G; on S,

B
Rs(Gy) < =t sup  Tr(Ky+1(Z,Z);S") + ZAt Zi, Zj) ; (11
n\K(,;8eEKT Py

where A;(z;, z;) = % [supK(,’_;S,)e,CT Keev1(2i, 255 8") — infg( snens Keri(zi, 255 87|
By the monotonicity and linear combination of Rademacher complexity [38] and take in (11),

RS(QT)<7A33(QOEBQ1 @ Gr_1 ® {{(wo, 2)})

= ZRS Gi) + Rs({t(wo, 2)})

— B
< E — sup  Tr(Ks41(Z,Z);S") + E Ai(zi, 25)
i—o v \K(,:8)eKr i)

70
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E Complete Proofs for Case Study

E.1 Generalization bounds for Infinite-width NNs
E.1.1 Proof of Eq. (4)

Proof. We bound U; in Theorem 3 for an infinite-width NN. For an infinite-width NN, the NTK
keeps unchanged during training:

O(wy; z, x') — O(x, a') - I,

Then for our loss path kernel, for any z, 2z’ € Z and any K(-, ;") € Kr,
T —
K(z,2;8") = / K(wy; 2, 2")dt
0

T

=/ Vfﬁ(whz)T@(wt;w7:c’)Vf€(wt,z')dt
" (12)

:/ Vil(ws, 2) " O(z,x') - IV pl(wy, 2') dt
0

T
=0O(z,x’) - / Vil(wy, 2) TV pl(wy, 2') dt.
0
Consider a p-Lipschitz loss function, i.e. |V ¢(wy, 2)|| < p, e.g. p = 1 for hinge loss and logistic
loss, p = /2 for cross-entropy loss with one-hot labels. Then we have
—p? <V l(wy, 2) " Vl(w,, 2') < pP.
Thus
T
—p’T < / V il(wy, 2) "V pl(wy, 2') dt < p*T.
0
Then by this inequality and Eq. (12),
—p*T|0(z,2')| < K(z,2;8) < p*T |0(z,2')|.

Since O(zx;, ;) > 0 fori € [n], K(24, 2i;S") < p?T - O(z;, ;) and Tr(K(Z,Z); S") < Tr(p?T -

0(X,X)).
1
Az, 2) = = K(zi,2;;8') —  inf  K(zs,2;; 8
(zi2j) = 5 L(T;S;I))EKT (2i,25;8") koo e (2, 2j;8)
1
<5 [P°T10(@i ;)| - (=p*T |0 (@, )]

= p’T |O(z;, ;)|

Take these terms into U7,

fzs@wsw sup  TH(K(Z,Z:5) + 3 Az, z)

A K58 ek i#j
B
< Te(p?T - O(X, X)) + Y T |0(x;, ;)| (13)
i#j
_ pB\/T .
-— Ej |©(xi, ;)|

N
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E.2 Generalization bound for stable algorithms

Let &’ and S} be two datasets that only differ in one data point. We make the following stability
assumption for gradient decent.

Assumption 1 (uniform stability of GD.). Assume [|A;(S’) — A,(S})|| = < for some con-
stant ¢ > 0. Assume {(w,z) is L,-Lipschitz and fS;-smooth for any z € Z. Then
IVwl(Ai(S"), 2) = Vwl(Ai(S1), 2)I| < Be [[A(S") — A(SDI = cBer;-

This kind of stability results of GD and SGD are proved in [8, 25]. Under these stability and
smoothness assumptions, we can bound the deviation of g(z;) from its expectation with high
probability and further bound the complexity based on Theorem 3.

Theorem 8. For any § € (0,1), let G C Gr be a 1 — & subset of Gr, i.e. |G3| = (1 —6)|Gr.
Under Assumption 1, we have at least one of such g%,

2log (22
Rs(G3) < (2LIT + cLiBcT?) %.

This bound will naturally translate into a generalization bound by equipping with Theorem 1. This
bound has a convergence rate of O(1/4/n). It shows that the complexity of NN trained by GD has a
polynomial dependence on L, 3¢, and training time 7.

Proof. Let G° = {g(Z) = (9(21),.-.,9(2x)) : g € G§.}. Then similar bound as Us in Theorem 3
holds for g%,

5,8
Rs(G2) < inf [ = + \/QIHN( 2 6 M) a4

e>0 n

We consider the covering of Q% and upper bound the right hand side. Without loss of generality,
suppose S’ and S} differ in the first sample. Thatis S’ = {z},..., 2z}, } and S| = {2}, ..., 2}, }. For
any fixed i € [n] and gk, , 9k, € Gr»

ng; (zi) — 9K/ (i)

1 o1 "1 ,
= —Ksi(zi,21) = Ksi (20, 2 Z Ks (2, 2}) ZEKS{(ziaZj)
o

The first two terms are
1 1 .
EKS’ (Zia Zi) - EKS{ (Zi, Zi)

T T
l/ (Vawl(AL(S"), 2:), Vil (AL(S"), 21)) dt — l/ (Vawl(AL(S1), 2i), Vawl(A(S1), 21)) dt
0 0

n n

T
o | TutA). 2. T AS),200) = (Vb (S0), 20, Ve A(S1). D))

n

1/ IV l(A(S"), 2) [ [Vl (A(S"), 21)[| + [Vl (A:(S1), 2i) | [Vl (Ae(S1), 21)]| dt

n

1
it L2 + [2dt
" /0 ¢+ Ly

I /\

IN

1
—2L3T
n
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The last two terms are

Z Ks' (21 2}) Z Ks; (2i, 7))
= EZK&V(ZZ‘,Z;) - KS{(ZZ’;Z;‘)
1 n T T
= £Z/ <Vw€(At(S’),zi),VJ(At(S’),z§)>dt—/ (Vawl(A(51), 2:), Vwl(A(S1), 2)) dt
j=2"0 0
n T
=%Z/O (Vawl(Ai(S'), ), Val(A(S'), 25)) — (Vawl(AL(S), 2:), Vawl(A(S), 25)) dt

n_ T
:%Z/O (Vwl(A(S"), 2i), Val(Ai(S"), 25)) — (Vawl(A(S"), i), Val(A(S1), 25))
+ (Val(A(8), 20), Vull(Au(81), 7)) — (Vul(A(S]), 20), Vul(A(S)), 7)) di

n T
- %Z/O <vw€(At(Sl), Zz'), VwE(At(S')’ z;) _ vwE(At(Si), z;)>

+ (Vwl(A(S"), zi) —VwE(At(S{Lzi),Vwé(At(Si),z;-»dt

gfz/ IVal(A(S), 20)]| [ ao lAL(S'), 2)) — Vaul(An(S1), 2]

IV l(A(8). 2) — VaullA4(S)). 20| | Vuob(A(S1). 2))]| dt

1< [T
< —Z/ Lgﬁgg+ﬁgidet (by Assumption 1)

n s 0 n n

2
= (1 - 1) CLeﬂel
n

In total,

kg (20) = grgi (23)

1 1 T2
< —2L3T + (1 — ) ch—
n n

1 1
=_ <2L§T+ (1 - > cLeﬁzT2>
n

1
E (2LFT + cLoBeT?)
Similarly gk, (2:) — IKgy (zi) < L (2L}T + cLyB,T?). Thus ‘SJKS, (zi) ~ IKg; (zi)| <

L (2L7T + cL¢B,T?). Then by McDiarmid’s inequality, for any 6 € (0, 1), with probability at

least 1 — 6,
log(2
Ik (2i) — E [9ks, (20)]| < (2LFT + cLoBeT?) #
Then, by a union bound, with probability at least 1 — §, for all i € [n],
log (22
Ik (2i) — EJ/ (9K, (Zz)]‘ < (2L{T + cLoBeT?) 2(n6 )

This means that with probability at least 1 — §, for all ¢ € [n],

log(%")
2n

log(%)
2n

Ikg (2i) € {E (9o (zi)] — (RLT + cLoBeT?) 7E [9ks (zi)] + (2LT + cLoBeT?)
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https://doi.org/10.52202/075280-3108 70979




Use the gk, in this range to construct the GS.. Then for any g1(Z), g2(Z) € Q‘;S,

91(Z) — g2(Z) = Z l91(2i) — g2(zi)]

log(22)
2n

<) 2(2L7T + cLBT?)

i=1

2
= (2L3T + cL,B/T?) [ 2n log(§).

Take e as this value, then N(Q;’S, €, |lll;) = 1. Take this into Eq. (14),

5 21 88
Rs(gg“) < inf £ + \/ nN(G7, e llly)
e0\n n

2log(22
< (2L2T + cLoBT?) 21og(F)

E.3 Norm-constrained neural network

For simplicity, we consider the one-dimensional output in this subsection, i.e. £ = 1, and assume
the loss function is p-lipschitz for the model output, ||4(y,y) — £(¢g',y)|| < p(y — ') for every
9,9y € R. Consider one-layer NNs:

F={flwz)=w'z:w eR: x eRd}.
Proposition 2. For the function class of one-layer NN defined above,

sup Tr(Ks/(Z,Z)) < PQTZ ||5'3z||2
Ksr€KT i=1

For this one-layer NN, we do not need a norm constraint. For L-layer NNs with norm constraints:
F={fw,z)=Wra(WE'.o(W'a)) : |W}'|| < Bi,t € [0,T]}

where Wh € Rén*dn—1 for h € [L] with df, = 1,dy = d. o is the element-wise activation function
and is 1-lipschitz with o(0) = 0. With these norm constraints of the parameters during the training,
we can further bound the trace term in U; as follows.

Theorem 9. For the function class of L-layer NN defined above,

n L L
1
sup Tr(Ks/(Z,Z)) < PZTZ (e H B} Z 72
Ksr€Kr i=1 i=1  h=1h

This bound shows that this quantity has a linear relation with 7". With a finer constraint of || W ||
during the training, for example, | W} || < By, t € [t/,t' + 1], we can get tighter bound. Although
similar to previous norm-based bounds that have a polynomial dependence with the norms of the
parameters, our bound has a clear dependence on training time 7', which is not achievable from
previous approaches. But note these bounds can be very loose since they are worse-case bounds.
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E.3.1 Proof of Proposition 2

Proof.
T
KS’ (Z,Z/) = /0 <€/(ft(w)ay)vwft(w)7gl(ft(w/)ay/)vwft(w/» dt
T
- / (o) y)e. O (fula), o)) di
/ C(fi(), )l (fula), o) . ') dt
< p?|(m,a')| T.
Thus

Tr(Ks/ (Z, Z)) ZKT (2i, 2:) <Zp A T—p2TZH:cZH

Since this holds for any Kg: € K,

wp Te(Ks(2.2)) < TY ol
KS/E’CT

i=1
O
E.3.2 Proof of Theorem 9
Proof. Denote
@) =whe" (@) eR™, ¢ Nx)=o(f*(x)) eR™ ', helL]
of(w,z) 4, h—1 T dpxdp_1
Sk = V() (¢" '(x)) R , helL]
where
B [ 1eR, h=1L,
(@) = Dt (x) (Wht1)T ph+1(z) e R helL-1],
DMx) = diag(o(f"(x))) € R4 he[L—-1].
Then for any h € [L], we can compute
of(w,z) Of (w,’)
owh > owh
= <bh(:c) (g"’_l(a:))T b (2) (gh’_l(a:’))T> (inner product of matrices)

T

=T (4" (@)b" (@) " () ")
—Tr ((ghq(w/))Tghq( )Tz )
= (" M=@).g" (@) (V(x ),bh( )

where we have for the first term,

(6" @), ¢" @) < [lg" " @)[| g" @)
h—1
H W7 ) 2]
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The second term can be bounded as
(o' (), " (@) < [|o" @)|| [o" (=)
= [P @) (W) @) || D@ (W) e )
< [[D*@)| I [l @) [|D" @) [ {|o" ()]
< [ @)l [ @)

< 1

j=h+1

Thus in total,

(P SHE) ) — (@, @) - (2.0 )

OwWh 7 gwh
h—1 -2 L 112
< TTIW?I =l fl't - TT 1wl
j=1 j=h+1

= [z [l='| 2
W

Since the tangent kernel (V. f(w, ), Vo f (w, ') = Zi:l <6);($;lm) ) %ﬁ”» we obtain an

upper bound for the tangent kernel,

(Vaof (w0, ), Voo f (w, 7)) quwHHJHZ

et ||W"||
Thus
T
KS/(Z, Z/) = / l/(f(wta 113), y)l/(f(wtv w/)7 y/) <V’U.If(wt7 -’.U), v'wf(wt’ $/)> dt
g/pnwwu w7 ||”
0 H Z IIWhII
L
g/pnwwunB2 ot
0 he1 B;
Lo
= p°T ||| ||’ H B}y 5
j=1 h=1"h
Thus,

Tr(Ks' (Z, Z)) <p2TZH:BZH HB2ZB2
Jj=1

Since this holds for any Kg € KCr,
Lo

sup Tr(Ks/ (Z,Z)) < pQTZ a2 H 32 Z ik
h

KsreKr i=1 j=1 h=1
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